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Figure 1. In contrast to vanilla VLAs that directly map inputs to actions or to predictive methods that forecast dense future images, PALM
introduces learnable queries to forecast a structured set of future affordances. Conditioned on these affordances, a diffusion-based policy
jointly decodes the robot’s action and a continuous progress value, enabling temporal state tracking and seamless subtask transitions in multi-
step, long-horizon tasks. Our training strategy utilizes large-scale pre-training on both robot datasets (BridgeDataV2 [113], DROID [54]) and
long-horizon video data (EPIC-KITCHENS [20], RoboCerebra [33]), followed by fine-tuning on our collected human-annotated affordance
dataset. Consequently, PALM attains state-of-the-art performance on long-horizon simulation benchmarks (CALVIN ABC�D [88],
LIBERO-LONG [77]) and demonstrates strong results under real-world long-horizon generalization settings.

Abstract

Recent advancements in vision-language–action (VLA) mod-

els have shown promise in robotic manipulation, yet they con-

tinue to struggle with long-horizon, multi-step tasks. Existing

methods lack internal reasoning mechanisms that can iden-

tify task-relevant interaction cues or track progress within a

subtask, leading to critical execution errors such as repeated

actions, missed steps, and premature termination. To address

these challenges, we introduce PALM, a VLA framework

that structures policy learning around interaction-centric

affordance reasoning and subtask progress cues. PALM

distills complementary affordance representations that cap-

ture object relevance, contact geometry, spatial placements,

and motion dynamics, and serve as task-relevant anchors for

visuomotor control. To further stabilize long-horizon execu-

tion, PALM predicts continuous within-subtask progress,

enabling seamless subtask transitions. Across extensive

simulation and real-world experiments, PALM consistently

outperforms baselines, achieving a 91.8% success rate on

LIBERO-LONG, a 12.5% improvement in average length on

CALVIN ABC�D, and a 2✓ improvement over real-world

baselines across three long-horizon generalization settings.

PLAN Lab https://plan-lab.github.io/palm
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1. Introduction
Robot learning has made significant strides in developing
generalizable policies for diverse tasks and environ-
ments [5, 12, 23, 25, 28, 35, 72, 117, 118, 125, 136, 144].
Much of this progress is driven by Vision-Language-Action
(VLA) models, which leverage pre-trained vision-language
backbones to map visual observations and language instruc-
tions directly to robot actions [7, 8, 10, 19, 31, 45, 55, 67, 69,
92, 103, 111, 121, 138, 150, 155]. However, current VLA
methods are fundamentally limited to short-horizon manipu-
lation and struggle with long-horizon, multi-step planning in
dynamic scenes. For example, on “clean a cluttered table,”
state-of-the-art policies typically succeed initially but fail
mid-task, unable to reliably complete the full sequence.

A fundamental limitation is the absence of structured af-
fordance cues [39, 42, 58, 107, 135] and explicit state track-
ing [16, 50]. Although existing models may infer the final
goal and produce intermediate actions [18, 38, 112, 143, 146,
148], they lack internal representations that disambiguate
which object should be targeted next, which part or region
is relevant for interaction, where items should be placed
or moved, or what motion is appropriate for the upcoming
step. Consequently, many visually similar states become
ambiguous, obscuring the underlying task stage and destabi-
lizing long-horizon control. In addition, existing VLAs lack
mechanisms for continuously estimating progress within a
subtask. Without a persistent online notion of advancement,
the policy cannot reliably decide whether to continue, switch
stages, or terminate. This absence of temporal grounding
leads to characteristic long-horizon failure modes: repeated
or unnecessary actions, skipped required subtasks, premature
termination, and even declaring success in incorrect states.

To address these gaps, we introduce PALM, a novel
end-to-end framework for learning scalable, long-horizon
manipulation. As illustrated in Fig. 1, PALM integrates per-
ception, action, and progress within a closed loop and is built
around two complementary capabilities. First, PALM pre-
dicts structured future affordances encoded as latent queries,
which are refined through a block-wise structured attention
mechanism and specialize into four types, capturing object
relevance (global), contact-level geometry (local), candidate
placement regions (spatial), and plausible motion trajectories
for the next interaction step (dynamic). These latents form
a compact and task-relevant representation of the evolving
scene state. Second, PALM estimates fine-grained subtask
progress through a continuous progress signal. Conditioned
on both the affordance latents and the current multimodal
context, the action policy employs a diffusion transformer
to jointly predict action and progress sequences. By com-
bining structured affordance prediction with progress-aware
action generation, PALM maintains stable, coherent behav-
ior across long, multi-step manipulation sequences.

We conduct large-scale pre-training on both robot [54,

113] and long-horizon video data [20, 33], and then fine-tune
the model on human-annotated robot trajectories. Through
extensive experiments in both simulation and real-world set-
tings, PALM demonstrates clear and consistent gains in long-
horizon manipulation. On two widely used long-horizon sim-
ulation benchmarks, it improves the success rate on CALVIN
ABC�D [88] by 12.5% over prior state-of-the-art baselines
and reaches 91.8% success on LIBERO-LONG [77]. Be-
yond simulation, we design three types of challenging real-
world generalization tests for long-horizon scenarios that
vary in localization, lighting, and visual distractors. Under
all conditions, PALM consistently demonstrates strong per-
formance and robustness with limited fine-tuning data. Our
contributions are as follows:
• We introduce PALM, a unified VLA framework that inte-

grates structured affordance reasoning and progress-aware
policy generation to enable reliable execution across long-
horizon, contact-rich manipulation tasks.

• We propose two novel complementary modules: (1) a
fine-grained affordance predictor that acts as an interme-
diate implicit reasoning step, producing structured and
task-relevant representations, and (2) a progress-aware
inverse-dynamics module that couples action generation
with subtask progress estimation, ensuring temporally co-
herent execution over long action sequences.

• We conduct comprehensive evaluations both in simulation
and the real world, achieving a 12.5% improvement on
CALVIN ABC�D over prior state-of-the-art, 91.8% suc-
cess on LIBERO-LONG, and consistent gains across three
real-world long-horizon generalization tests.

2. Related Work
Vision-Language-Action Models. Several works repur-
pose pre-trained Vision-Language Models (VLMs) [1, 22,
41, 63, 71, 90, 104] into VLA policies that map visual ob-
servations and language instructions to low-level robot ac-
tions [6, 21, 23, 47, 52, 74, 75, 105, 123, 149] by fine-tuning
on large-scale robotics datasets [27, 54, 94]. A prominent
paradigm, pioneered by the RT series [4, 10, 155], formu-
lates action generation as autoregressive prediction over to-
kenized sequences [9, 55, 70, 154]. In parallel, diffusion-
based action generators [19, 37, 53, 80, 137] treat control as
a denoising process in continuous trajectory spaces, produc-
ing smoother temporal dynamics. Despite their success, both
paradigms rely on direct action prediction, which lacks ex-
plicit reasoning and fine-grained representations of spatial or
physical dynamics. Subsequent works address these limita-
tions by incorporating future prediction through goal-image
generation [26, 31, 38, 117, 136, 150] or integrated fore-
casting [112, 126, 143, 148, 153], or by enhancing spatio-
temporal grounding via keypoint prediction [42, 135] and
historical visual traces [93]. In contrast, our work introduces
a closed perception–action–progress loop that improves long-
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horizon manipulation by integrating affordance and subtask
progress reasoning into the VLA.
Imitation Learning with Progress Supervision. Early
imitation learning approaches for long-horizon tasks relied
on explicit task decomposition, such as symbolic planning
[29, 48] or predefined visual keyframes [11, 97]. Recent
works have shifted towards learning continuous progress
representations [3, 73, 108, 139, 152] directly from large-
scale video data [85, 86, 91]. These learned progress metrics
can be used to reweight behavior cloning [17, 106, 119],
assigning higher importance to demonstrations that yield
greater progress. Compared to computationally expensive
bootstrapping methods [124] or strategies that rely on a
small, high-quality subset for data labeling [114, 120], this
intrinsic progress weighting offers improved scalability and
stability. Our approach augments the action space with a
scalar progress indicator, used to supervise policy learning
for improved long-horizon manipulation consistency.
Affordance Representations for Robotic Manipulation.
Representing affordances is a core problem in robot learn-
ing [34, 92, 109, 110]. Early work generated structured
visual outputs from sensor data, predicting affordances as
heatmaps over interaction regions [2, 15, 30, 64, 65, 76, 89,
130] or as bounding boxes and keypoints to localize relevant
parts [40, 66, 78, 87, 99]. With VLMs, affordance reasoning
became open-vocabulary, either via retrieval from knowl-
edge bases [49, 58] or via fine-tuning on affordance datasets
[83, 84, 98]. Recent VLA models further integrate affor-
dance into the policy loop by injecting visual interaction
traces [151], predicting affordance plans [92], or encoding
affordance types into reasoning chains [67]. Our approach
predicts multiple affordance types as structured latent tokens
that provide implicit task-aware representations for progress
estimation and subtask policy learning.

3. Method
3.1. Problem Formulation
Long-horizon, language-conditioned manipulation requires
policies that remain temporally consistent across sub-tasks
with heterogeneous dynamics. Let a robot operate over a dis-
tribution of tasks T ={⌧k}Kk=1. Each task ⌧ " T defines an
observation–action distribution p (ot, at ∂ ⌧) and an implicit
temporal phase progression. Differences in background,
lighting, object configuration, and viewpoint, compounded
by cumulative control errors, alter the observation space. As
a result, when sub-policies are trained in isolation, the termi-
nal state of one often deviates from the expected start state
of the next, leading to unstable transitions. Conventional
behavior cloning that directly fits ⇡ (at ∂ ot) on a mixture of
demonstrations collapses these distinct phases, causing rep-
etition or skipped subtasks during rollout. As illustrated in
Fig. 2, PALM addresses long-horizon stability through two

tightly coupled components: 1 a fine-grained affordance
prediction module that anticipates future interaction cues
by estimating an affordance-centric latent at future offsets
t + n, fa↵ ⇥O✓ T �F , serving as a task-relevant interme-
diate representation that stabilizes perception (§3.3), and 2
a progress-aware policy ⇡ ⇥O✓T �Ã, Ã=A✓P , where
P L [0, 1] is a continuous progress space. At time t, given
observations ot"O, and task specification ⌧ "T , and condi-
tioned on the predicted affordance latent, the policy jointly
decodes an action at " A alongside a scalar pt " P that
encodes progress within the current subtask and serves as a
temporal regularizer that mitigates phase ambiguity and en-
ables smooth subtask transitions without relying on separate
planners or hierarchical controllers (§3.4).

3.2. PALM Architecture
Multi-Modal Encoders. PALM processes three synchro-
nized inputs: a language instruction l, an image observation
ot, and a robot state st. Instructions are embedded using a
CLIP text encoder [102], observations are encoded with a
Masked Autoencoder [36] and downsampled by a Perceiver
Resampler [46] to retain task-relevant visual tokens. The
robot state is projected through a lightweight MLP. The re-
sulting tokens are concatenated into a single sequence with
time index t to form a unified multimodal sequence passed
to the transformer backbone.
Backbone and Learnable Queries. The backbone follows
a GPT-2-style transformer [101] to integrate the token se-
quence with causal and cross-modal attention. On top of this
backbone, PALM introduces two learnable query sets that
instantiate the affordance and progress-aware policy:
µ Fine-grained affordance queries comprise four
subqueries <Global>, <Local>, <Spatial>, and
<Dynamic>, that attend over language, vision, and state
tokens to extract task-relevant representation at complemen-
tary scales and produce the affordance-centric latent

F̂t+n = fa↵(l, ot, st) " F . (1)

µ Action–progress queries pool control-relevant context
and condition on F̂t+n to support progress-aware inverse-
dynamics decoding for temporally consistent long-horizon
control. Building on prior inverse-dynamics formulations
[18, 38, 112], these queries aggregate current observations
with the predicted affordance latent to infer action sequences
that align with the forecasted interaction state.
Decoders. The action head is a denoising diffusion trans-
former [96] that conditions on the action–progress queries
and the affordance latent to generate a horizon-n trajectory:

(ât⇥t+n�1, p̂t⇥t+n�1) = DiT�l, ot, st, F̂t+n⌥ , (2)

where ât⇥t+n�1 is the predicted action sequence and p̂t⇥t+n�1
the predicted sequence of scalar progress values at each step.
Details can be found in Appendix A.
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Figure 2. PALM Overview. (a) Model Architecture: Given a language instruction l, observation ot, and robot state st, PALM encodes
each modality using frozen encoders to obtain text, visual, and state tokens. These tokens are fused by a GPT-style transformer with
unidirectional attention and two specialized query sets: fine-grained affordance and action–progress. During training, affordance queries
attend to context tokens to predict foresight F̂t+n with four supervised heads (<Global>, <Local>, <Spatial>, <Dynamic>) that
ground future scene understanding. At inference, the affordance heads are removed; the action–progress query attends to both context
and affordance foresight to condition a diffusion transformer that predicts action ât⇥t+n�1 and progress p̂t⇥t+n�1 trajectories for continuous
control. (b) Structured Attention: Affordance subqueries attend only to shared context tokens to stay disentangled, while both query types
use causal attention to preserve temporal consistency.

3.3. Fine-Grained Affordance Prediction

Global Prediction. Global affordance provides a high-level
semantic prior that identifies which object in the scene is
relevant to the instruction and where it is located. Given
a command such as “pick up the cup,” the model parses
the referent (i.e., the instruction-specified object) at time t
and predicts, for a future offset t+n, an object-centric prior
that marks the referred instance and its approximate region.
This global prior anchors all subsequent affordance cues and
constrains local reasoning to the correct region of interest.

Targets are obtained by first resolving the referent via
Grounding DINO [81] and then segmenting the instance
with SAM [57] to obtain a binary mask on the observa-
tion lattice. An object representation is further extracted
by masked pooling over a frozen image encoder within this
region. During training, the predicted future mask and object
feature are supervised against these targets. The training
objective for global affordance tokens is then formulated as:

Lglobal = LFL⇥Mglobal
t+n , M̂

global
t+n �

+ LDice⇥Mglobal
t+n , M̂

global
t+n � (3)

where M̂global
t+n =fglobal (l, ot, st) denotes the predicted global

affordance mask at time t+n, and M
global
t+n is the correspond-

ing binary target mask on the image (observation) lattice.

Here, LFL denotes the pixel-wise focal loss computed over
image domain ⌦, and LDice denotes the soft Dice loss.
Local Prediction. Local affordance captures fine-grained
geometric localization affordance cues necessary for precise
contact reasoning. Conditioned on the region highlighted
by the global prior, it analyzes high-frequency local visual
structure, such as edges, textures, and part geometry, to pre-
dict, at time t+n, a dense contact-likelihood distribution over
the object of interest. Following GLOVER++[84], annotated
contact points are converted into Gaussian heatmaps that
serve as continuous supervision targets. The model is trained
to match this target heatmap distribution. The training ob-
jective for local affordance tokens is thus formulated as:

Llocal = LFL⇥Mlocal
t+n , M̂

local
t+n�

+ LKL⇤M̃local
t+n ,

˜̂
M

local
t+n , (4)

M̃ =
M

<(i,j)"⌦ M
(i,j) + "

, (5)

where M̂
local
t+n =flocal (l, ot, st) is the predicted future local

contact-likelihood map at t+n,Mlocal
t+n is the soft Gaussian

target heatmap, and M̃ denotes the `1-normalized map used
in the KL term with a small " > 0.
Spatial Prediction. Spatial affordance converts underspec-
ified spatial language into executable placement proposals
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that remain robust under layout changes. Instead of mem-
orizing a single coordinate, the model predicts a small set
of candidate placement points at time t+n, each represent-
ing a plausible region for placing the object. Ground-truth
targets are obtained by first converting the instruction into
spatial semantics using SpatialVLM [13] and then sampling
executable 2D coordinates with RoboPoint [135]. The train-
ing objective minimizes a set-matching objective that aligns
each target point with its closest predicted candidate:

Lspatial =
1

Ct+n

Ct+n

=
c=1

min
1&m&M

¬¬¬¬¬p̂(m)
t+n � p

(c)
t+n

¬¬¬¬¬2

2
(6)

where Ŝt+n={p̂(m)
t+n}Mm=1 and St+n={p(c)

t+n}Ct+n
c=1 are the set

of M predicted normalized 2D candidates and Ct+n target
placement points at t+n, respectively.
Dynamic Prediction. Dynamic affordance identifies the pix-
els corresponding to the robot gripper and movable objects,
and predicts how these regions will evolve over time. Its
goal is to predict and establish the statistical associations
among the current scene, the language instruction, and the
actions required to realize the predicted motion. To con-
struct supervision, we apply a grid-based tracking protocol:
an N✓N visual grid of query points is placed on the first
frame of a short history at t��. CoTracker [51] follows each
point forward in time. We compute cumulative displacement
for each trajectory and retain those that exceed a threshold,
ensuring that the dynamic mask captures genuine motion
rather than static background or tracker jitter. The selected
trajectories are then rasterized at t+n into a dynamic region.
Given inputs at time t, the model predicts a future dynamic
probability map that highlights pixels likely to belong to the
gripper or other moving objects at t+n. Training encour-
ages calibrated per-pixel probabilities and alignment with the
tracked motion regions. The training objective for dynamic
affordance tokens is formulated as a masked reconstruction
loss using a latent-variable model:

Ldynamic = Ez⇥Q��z∂xM
t+n⌥� logP ⇥xM

t+n ∂ z�⇢
+�KL⇤Q�⇥z ∂ xM

t+n� Ω p(z) (7)

where Mt+n is the dynamic region mask from tracking,
xM
t+n is the future frame restricted to those masked pixels,

Q�(z ∂ xM
t+n) is the posterior, P (xM

t+n ∂ z) the decoder
likelihood, p(z) the prior, and � the KL weight.

3.4. Progress-aware Policy via Inverse Dynamics
In addition to predicting where to act via affordances, we
introduce a progress-aware prediction task that estimates
how far execution has advanced within the current subtask.
At each time step, PALM first infers the active subtask stage
from the affordance latent and derives a stage embedding.
Conditioned on this embedding, the model predicts a scalar

pt " [0, 1] that quantifies within-stage completion. We
append this scalar to the action output so the policy jointly
predicts (at, pt) under a shared multimodal context. This
explicit progress signal reduces ambiguity in long-horizon
control: visually similar observations may correspond to
different actions depending on stage, and pt disambiguates
these cases by providing a continuous indicator of “where
we are”, stabilizing learning and execution by encouraging
monotonic, stage-consistent evolution of the latent state and
by smoothing transitions at sub-policy boundaries without
relying on separate high-level controllers.

Classical inverse dynamics predicts the action ât bridging
two temporally ordered observations (ot, ot+1). We extend
this to predict an n-step action–progress sequence condi-
tioned on the current inputs and a single-step affordance
latent. We instantiate finv as a denoising diffusion trans-
former that conditions on the current observation ot, the
instruction l, the robot state st, and the predicted affordance
latent F̂t+n=fa↵(l, ot, st) to generate

(ât⇥t+n�1, p̂t⇥t+n�1) = finv�l, ot, st, F̂t+n⌥ . (8)

The DiT head jointly models action distributions and
progress values, capturing correlations among these cross-
modal inputs across the trajectory. Training follows the
standard diffusion objective:

ỹt⇥t+n�1,td =
‘
↵̄td yt⇥t+n�1 +

‘
1 � ↵̄td ✏ (9)

LDiT = Etd, ✏æ✏ � ✏✓�ỹt⇥t+n�1,td ∑ l, ot, st, F̂t+n, td⌥ æ2

2
(10)

where yt⇥t+n�1 is the target action–progress vector over steps
t to t+n�1, ✏ ⇥ N (0, I) is Gaussian noise, td is the diffu-
sion time with ↵̄td the cumulative noise schedule, ỹt⇥t+n�1,td
is the noised target, and ✏✓(�) is the noise predictor.

4. Experiments
Training Details. Our training process consists of a pre-
training and a fine-tuning stage. For pre-training, we uti-
lize a mixed dataset from the DROID [54] and Bridge-
Data V2 [113] datasets, which together provide large-scale,
in-the-wild robotic arm demonstrations to build a founda-
tional understanding of diverse real-world tasks, and EPIC-
KITCHENS [20] and RoboCerebra [33], which provide fine-
grained sub-steps and time-segment annotations to supervise
the learning of semantic progress estimation in long-horizon,
contact-rich scenarios. For fine-tuning, we select 942 tra-
jectories from robot data and annotate them with affordance
data and continuous progress labels using a semi-automated
method. Details can be found in Appendix A.

4.1. Simulation Experiments
Benchmarks. We conduct evaluations across two simula-
tion benchmarks: the LIBERO [77] benchmark compris-
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Table 1. CALVIN ABC�D experimental results. We group the baselines into four types and report the average success rate of the top three
checkpoints, computed over 1,000 rollouts per task, as well as the average number of consecutively completed tasks to solve 5 instructions
(Avg. Len.). PALM consistently and substantially outperforms all baselines. Best results are shown in bold.

Method Type Task completed in a row
1 2 3 4 5 Avg. Len. �

RT-1 [10] Autoregressive 53.3% 22.2% 9.40% 3.80% 1.30% 0.90
Robo-Flamingo [69] Autoregressive 82.4% 61.9% 46.6% 33.1% 23.5% 2.47
OpenVLA [55] Autoregressive 91.3% 77.8% 62.0% 52.1% 43.5% 3.27
Diffusion Policy [19] Diffusion-based 40.2% 12.3% 2.60% 0.80% 0.00% 0.56
⇡0 [8] Diffusion-based 93.8% 85.0% 76.7% 68.1% 59.9% 3.92
3D-VLA [150] 3D-Aware 44.7% 16.3% 8.10% 1.60% 0.00% 0.71
3D Diffuser Actor [53] 3D-Aware 92.2% 78.7% 63.9% 51.2% 41.2% 3.27
RoboUniview [79] 3D-Aware 94.2% 84.2% 73.4% 62.2% 50.7% 3.65
Susie [7] Prediction 87.0% 69.0% 49.0% 38.0% 26.0% 2.69
GR-1 [118] Prediction 85.4% 71.2% 59.6% 49.7% 40.1% 3.06
Seer [112] Prediction 94.4% 87.2% 79.9% 72.2% 64.3% 3.98

PALM (7 progress) Prediction 95.3% 85.6% 79.5% 74.3% 67.0% 4.02
PALM Prediction + Progress 96.9% 93.8% 89.3% 85.9% 82.0% 4.48

ing four distinct task suites (Spatial, Object, Goal, Long),
each with 10 tasks and 50 demonstrations for evaluating
the robot’s comprehension of spatial relationships, and
the CALVIN [88] benchmark, designed to evaluate the
instruction-following capabilities of robotic policies on long-
horizon language-conditioned tasks, comprising 34 tasks
across four distinct environments. We focus on the chal-
lenging ABC�D setting, where we pre-train in the ABC
environments and evaluate in the unseen D environment.

Baselines. We compare PALM with four types of baselines:
autoregressive methods, diffusion-based methods, 3D-aware
methods and prediction methods. For the CALVIN ABC�D
benchmark, we compare to RT-1 [10], Robo-Flamingo [69],
and OpenVLA [55], which are autoregressive action models
that generate actions from pre-trained VLMs. Diffusion Pol-
icy [19] and ⇡0 [8] are selected as representative diffusion-
based methods that use a denoising diffusion process to
model high-dimensional action distributions, while 3D-
VLA [150], 3D Diffuser Actor [53], and RoboUniview [79]
specialize in capturing 3D-aware representations to enhance
manipulation. Prediction-based methods, represented by
Susie [7], GR-1 [118], and Seer [112], merge visual foresight
as a future representation to enhance performance in multi-
task robot manipulation. For LIBERO, we compare with
OpenVLA, Diffusion Policy, and Seer. Additionally, we com-
pare against Octo [111], which pre-trains robot policies on di-
verse datasets to enhance generalization. SpatialVLA [100],
CoT-VLA [148], TraceVLA [151], and CoA-VLA [67] are
included to compare diverse task representation methods.

Results. Table 1 summarizes performance on the CALVIN
ABC�D long-horizon benchmark, demonstrating that
PALM achieves state-of-the-art results across all metrics
and outperforms all baselines. First, PALM (Prediction
+ Progress) reaches a 96.9% success rate on the first sub-
task and maintains strong performance as horizon length
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Figure 3. Ablation studies of affordance components on
CALVIN ABC�D and LIBERO-LONG benchmarks demonstrate
the effectiveness of the four components of affordance prediction.

increases (e.g., 82.0% for five consecutive subtasks). This
is a +17.7% absolute improvement over the strongest prior
baseline (Seer at 64.3%) at the 5-task horizon. PALM also
yields the longest average task trajectory (4.48), exceeding
Seer (3.98) and ⇡0 (3.92), indicating significantly more sta-
ble execution over extended sequences. Importantly, results
confirm that the progress-aware policy is critical for long-
horizon generalization, as removing the progress prediction
(PALM 7 progress) reduces performance consistently across
horizons (e.g., average length 4.02 � 4.48).

Moreover, as shown in Table 2, across all four LIBERO
suites, PALM achieves state-of-the-art performance with
an average success rate of 94.5%. The largest gain is in
LIBERO-LONG, where PALM reaches 91.8%, outperform-
ing the strongest baseline (CoT-VLA at 69.0%) by 22.8%.

4.2. Ablation Studies
How do the components of the fine-grained affordance
module affect performance? We evaluate the four
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Table 2. LIBERO experimental results. For each task suite (Spatial, Object, Goal, Long), we report the average success rate and standard
error across 3 seeds with 500 episodes each. PALM achieves the best performance over previous methods. Best results in bold.

Average (�) Spatial (�) Object (�) Goal (�) Long (�)

OpenVLA [55] 76.5 ± 0.6% 84.7 ± 0.9% 88.4 ± 0.8% 79.2 ± 1.0% 53.7 ± 1.3%
Diffusion Policy [19] 72.4 ± 0.7% 78.3 ± 1.1% 92.5 ± 0.7% 68.3 ± 1.2% 50.5 ± 1.3%
Octo fine-tuned [111] 75.1 ± 0.6% 78.9 ± 1.0% 85.7 ± 0.9% 84.6 ± 0.9% 51.1 ± 1.3%
SpatialVLA [100] 69.0 ± 1.2% 88.2 ± 0.7% 89.9 ± 1.3% 78.6 ± 0.9% 55.5 ± 1.5%
CoT-VLA [148] 81.1 ± 0.6 % 87.5 ± 1.4% 91.6 ± 0.5% 87.6 ± 0.6% 69.0 ± 0.8%
TraceVLA [151] 74.8 ± 0.9% 84.6 ± 1.0% 85.2 ± 0.6% 75.1 ± 1.4% 54.1 ± 1.0%
CoA-VLA [67] 79.8 ± 0.5% 85.3 ± 0.9% 93.1 ± 1.0% 85.8 ± 0.9% 55.0 ± 1.2%

PALM 94.5 ± 1.0% 95.2 ± 1.2 % 96.7 ± 0.7% 94.3 ± 1.6% 91.8 ± 0.8%

Table 3. Ablation studies of PALM components. Results on the
CALVIN ABC�D benchmark demonstrate the effectiveness of
each training module under both pre-training and fine-tuning.

Ablation Type Pre-training Fine-tuning

Avg. Len. � Avg. Len. �

PALM 4.48 4.48
7 Affordance Foresight 3.90 3.58

7 Inverse Dynamic Prediction 4.17 3.92
7 Progress Prediction 3.73 4.02

types of predictable affordance latents: Global, Local,
Spatial, and Dynamic to measure their respective
contributions. We train models by cumulatively adding these
affordances to a vanilla VLA. As illustrated in Figure 3,
adding Global affordance (G) already yields a consistent
improvement on both CALVIN and LIBERO-LONG,
indicating that coarse object-centric cues help stabilize
long-horizon reasoning. Incorporating Local affordance (L)
provides additional gains on CALVIN but introduces a slight
dip on LIBERO-LONG, likely due to viewpoint-induced
geometric bias that affects fine-grained edge-based features.
Adding Spatial affordance (S) restores and further improves
performance across both benchmarks by providing robust
placement priors that generalize across layout variations.
Finally, adding Dynamic affordance (D) to the full set
(PALM) yields the best performance, indicating that
combining motion cues with structured spatial reasoning
produces the most reliable long-horizon behavior.
How do the proposed PALM modules affect perfor-
mance? We study the contributions of PALM’s three core
components (affordance prediction module, inverse dynam-
ics prediction, and progress-aware prediction) by conducting
ablations during both pre-training and fine-tuning on the
CALVIN ABC�D benchmark. Table 3 shows that all three
PALM components contribute complementary capabilities
and collectively result in the best performance. Removing
affordance foresight produces the largest drop in fine-tuning
performance (4.48 � 3.58), confirming that structured future
affordance prediction is essential for precise long-horizon
planning once the policy is adapted to downstream robot data.

Table 4. Ablation studies on training data composition. Re-
sults on the CALVIN ABC�D and LIBERO-LONG benchmarks
demonstrate the data efficiency of each source type.

Ablation Type CALVIN ABC�D LIBERO-LONG

Avg. Len. � SR (%) �

PALM 4.48 91.8
7 In-the-Wild Data 3.90 73.5

7 Long-Horizon Video Data 3.73 84.5
7 Human Annotated Data 3.58 76.5

7 Simulation Data (Pretrain) 3.96 81.0

In contrast, removing progress prediction causes the largest
degradation during pre-training (4.48 � 3.73), highlight-
ing that large-scale long-horizon datasets are particularly
valuable for learning a strong progress prior that stabilizes
temporal reasoning. Eliminating inverse dynamics predic-
tion also reduces performance in both stages, showing that
predicting multi-step action trajectories conditioned on affor-
dance latents provides an important training signal beyond
direct behavior cloning.
Effectiveness of training data composition for robot ma-
nipulation. Training data is a critical factor influencing
the performance of robot policies. Accordingly, we clas-
sify our training data into four primary types based on their
task orientation: (1) In-the-wild datasets, represented by
DROID [54] and BridgeData V2 [113] datasets for the pre-
training stage, (2) Long-horizon video datasets, consisting
of EPIC-KITCHENS [20] and RoboCerebra [33], which
are also utilized during pre-training to learn the understand-
ing of semantic progress in complex, multi-step scenarios,
(3) Human-annotated datasets, employed in the fine-tuning
stage to train affordance and progress-aware policy, and (4)
Simulation datasets for post-training evaluation (CALVIN
ABC�D [88] and LIBERO-LONG [77]).

As illustrated in Table 4, excluding any single data type
invariably degrades model performance, though to varying
extents. This degradation is most pronounced for the In-the-
Wild and Human-Annotated datasets. A substantial perfor-
mance decrease also occurs when removing the pre-training
data corresponding to the simulation benchmarks. Addi-
tional ablation studies are provided in Appendix C.
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(1) Pick up pineapple (2) Place on white plate (3) Pick up grape

(4) Place on white bowl (5) Pick up orange (6) Place on blue bowl

Real-world Experiment Setup 

Gripper G2

UFACTORY 
xArm 6

RealSense 
D455

“Put the pineapple on the white plate, the grape on the white 
bowl, and the orange on the blue bowl.”

Figure 4. Real-world experimental setup and task design. Left: We use a UFACTORY xArm6 robot with the matched Gripper G2 and
two RealSense D455 cameras. Right: We design a real-world long-horizon manipulation task consisting of six consecutive subtasks, driven
by a single high-level instruction.

Table 5. Real-world experimental results on long-horizon task under different generalization settings.

Type Method Task completed in a row Avg. Len. �
1 2 3 4 5 6

Random Localization
OpenVLA [55] 0.45 0.30 0.15 0.05 0.00 0.00 0.95

Octo [111] 0.35 0.20 0.10 0.00 0.00 0.00 0.65
PALM 0.70 0.65 0.55 0.45 0.40 0.30 3.05

Visual Distraction
OpenVLA [55] 0.65 0.50 0.25 0.15 0.05 0.00 1.60

Octo [111] 0.45 0.35 0.15 0.00 0.00 0.00 0.95
PALM 0.85 0.80 0.65 0.60 0.50 0.40 3.80

Unseen Lighting
OpenVLA [55] 0.55 0.35 0.25 0.10 0.00 0.00 1.25

Octo [111] 0.50 0.35 0.15 0.05 0.00 0.00 1.05
PALM 0.80 0.70 0.60 0.60 0.45 0.40 3.55

4.3. Real-World Experiments
Experimental Setup. As shown in Figure 4, we use a UFAC-
TORY xArm6 with a Gripper G2 to conduct real-world ex-
periments. For visual input, we use two RealSense D455
cameras configured as eye-on-hand and eye-on-base to cap-
ture RGB images. We design several types of generalization
tests for long-horizon tasks, including Visual Distraction,
Random Localization, and Unseen Lighting. We select a
mixed pre-training dataset composed of DROID [54] and
BridgeData V2 [113], while the fine-tuning dataset consists
of 200 demonstrations collected on the xArm with RGB
images, robot states, and actions.
Baselines and Metrics. We select OpenVLA [55] and
Octo [111] as baselines. We report the success rate (SR)
and average length for each task over 20 real-world rollouts.
For each rollout, each method is permitted a maximum of
three execution attempts. To ensure fairness, all models
are fine-tuned on our training dataset, trained for an equal
number of iterations, and evaluated with the final checkpoint.
Generalization Evaluation for Long-Horizon Task. To

evaluate generalization in long-horizon tasks, we construct
a sequential pick-and-place task consisting of 6 consecu-
tive subtasks, driven by a single high-level instruction. We
consider three generalization settings: 1 varying the target
object pose, 2 changing the scene lighting to unseen con-
ditions, and 3 adding multiple distractor objects to induce
visual clutter. As shown in Table 5, results demonstrate
PALM’s superior generalization over baselines as the task
sequence length increases, showing its robustness in long-
horizon settings. Details are available in Appendix B.

5. Conclusion
We introduce PALM, a vision–language–action (VLA)
model for long-horizon robotic manipulation that couples
structured future affordance prediction with continuous
progress estimation in a closed loop. PALM achieves state-
of-the-art results on two benchmarks, with a 12.5% improve-
ment on CALVIN ABC�D and 91.8% success on LIBERO-
LONG, and shows significant robustness in real-world ex-
periments across long-horizon generalization settings.
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